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Abstract. Self-collision remains a persistent challenge in SMPL-based
human pose estimation and motion generation. Under extreme articula-
tions or stochastic motion synthesis, generated meshes frequently exhibit
self-penetrations, leading to physically implausible results. We propose
PoseShield, a neural collision constraint defined directly in SMPL pose
space. We formulate collision correction as a constrained optimization
problem and connect the learned constraint with the Eikonal equation.
Enforcing Eikonal regularization ensures non-vanishing gradients near
the collision boundary, improving numerical stability and robustness of
the optimization process. Unlike prior methods that operate in the mesh
space or rely on heuristic penalties, our approach operates directly in the
low-dimensional space of human poses and is theoretically grounded. The
same learned constraint extends to human motion sequences, providing
a generator-agnostic post-hoc collision corrector without retraining the
underlying motion model. Experiments on a newly constructed SMPL
pose benchmark show that our method achieves a 95.8% success rate
and outperforms state-of-the-art baselines.

1 Introduction

Parametric human body models such as SMPL [33], SMPL-H [46], and SMPL-
X [44] have become the standard geometric representation in human pose esti-
mation [4,7,12,23,26,064,65] and motion generation [28,32,55,63]. Thanks to
their explicit mesh topology and low-dimensional pose parameterization, these
models enable efficient optimization and tight integration with learning-based
pipelines. Despite their widespread adoption, self-collision remains a persistent
challenge.

Self-collisions arise across diverse SMPL-based applications, ranging from
motion-capture-based reconstruction to motion synthesis. For reconstruction,
COAP [36] shows that poses from datasets such as PROX [18] may contain
body self-intersections. For motion synthesis, recent self-collision-aware genera-
tion work [19] further analyzes that modern motion synthesis methods [16,56] are
prone to producing motions with non-negligible self-intersections under stochas-
tic sampling. Such artifacts degrade physical plausibility. Consequently, there


https://orcid.org/0009-0000-6376-2780
https://orcid.org/0009-0005-8204-3577
https://orcid.org/0000-0001-8511-9649
https://orcid.org/0000-0002-7924-8548
https://orcid.org/0000-0003-0829-7075
https://orcid.org/0000-0003-3326-7943
https://orcid.org/0000-0001-9348-526X
https://orcid.org/0000-0002-0182-6985

2 Z. Liet al.

Original

Ours

Time

Fig. 1: PoseShield provides a robust collision constraint for SMPL-based bodies. While
effective for individual human poses, it naturally extends to temporally consistent
motion generation.

is a pressing need for a reliable, post-hoc self-collision resolution approach. An
ideal approach must decouple collision handling from specific generative priors
to act as a universal refinement module, ensuring geometric consistency across
diverse SMPL-based scenarios without relying on original generative conditions
like textual prompts or reference images.

Classical collision-handling methods have been extensively studied in geom-
etry processing and physical simulation [17,29,49]. These approaches typically
operate directly in mesh space, optimizing over vertex positions and leveraging
penalty energies or interior-point formulations. While effective in simulation set-
tings where a collision-free reference configuration is available, these methods
are not naturally compatible with learning-based SMPL pipelines. In human
pose estimation and motion generation, the optimization variable is the pose
parameter @ rather than raw mesh vertices. Moreover, a collision-free reference
pose is generally unavailable. As a result, classical mesh-space solvers cannot
be directly transferred to pose-space constrained optimization. In the domain of
human body modeling, several works incorporate interpenetration penalties as
“soft constraints” during model fitting or as auxiliary losses in learning-based pre-
dictors [4,15,19,44,57]. Recent volumetric human modeling approaches [36,37]
learn smooth articulated occupancy representations of posed human bodies. Such
models provide continuous geometric fields that can implicitly encode collisions
through occupancy evaluation. Other recent learning-based approaches [53, 54]
train smooth neural collision classifiers and use them as differentiable constraints
in post-hoc optimization. Unlike these methods, our approach is motivated by
the regularity conditions required by gradient-based constrained optimization
algorithms.

In this work, we formulate collision resolution as a constrained optimization
problem that searches for the nearest collision-free pose to a self-intersecting con-
figuration. Under this formulation, we introduce PoseShield, a neural collision
constraint function defined directly in SMPL pose space, and solve the result-
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ing problem using well-established gradient-based constrained optimization algo-
rithms such as SLSQP and augmented Lagrangian methods [41]. For PoseShield
to work reliably within these solvers, two requirements must be met. First, its
sign must reliably indicate collision status: positive for collision-free poses and
negative for self-intersecting ones. Second, these algorithms require the Linear
Independence Constraint Qualification (LICQ) [41], which demands a nonvan-
ishing constraint gradient away from the constraint boundary. Our key insight
is the connection between this regularity requirement and the Fikonal equation:
enforcing an Eikonal regularization on PoseShield ensures that its gradient norm
is bounded away from zero throughout pose space, thereby satisfying LICQ and
improving numerical stability. Such a constraint function is guaranteed to ex-
ist: the signed distance function to the collision boundary, characterized as the
unique viscosity solution of the Eikonal equation [8]. Together, these properties
yield a principled, self-contained post-hoc collision resolver for individual SMPL
poses. We further extend our framework to human motion generation, enabling
post-hoc self-collision correction for human motion sequences without knowing
the generator. In summary, our contributions are:

— We propose a principled theoretical framework for self-collision resolution
in SMPL pose space by formulating it as a constrained optimization prob-
lem with a learnable differentiable collision constraint. We further show that,
under suitable assumptions on the learned collision field, gradient-based con-
strained solvers admit global and local convergence guarantees for this prob-
lem.

— We introduce PoseShield, a neural collision constraint trained with Eikonal
regularization in pose space, and show how its training objective is designed
to make these theoretical assumptions approximately hold in practice. In
particular, we prove that the Eikonal training loss bounds the volume of pose-
space regions where LICQ fails to hold, providing a quantitative connection
between training accuracy and solver reliability.

— We demonstrate that the learned collision constraint can be seamlessly reused
for temporally consistent motion correction without retraining the underly-
ing motion generator, providing a generator-agnostic post-processing
module for human motion synthesis.

— We perform evaluations on the newly curated Human with Collisions
(HwC) dataset and the PROX dataset, where PoseShield substantially out-
performs prior post-hoc collision-handling baselines.

2 Related Work

Human Self-Collision in SMPL-based Modeling. Self-collision is a long-standing
issue for parametric human models like SMPL/SMPL-X, particularly under ex-
treme articulations or depth ambiguities in monocular reconstruction. Early ap-
proaches primarily relied on coarse geometric heuristics, approximating the hu-
man body with primitive proxies such as capsules [41] to simplify intersection
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queries. Subsequently, the field shifted toward mesh-level penetration penal-
ties. For example, SMPLify-X [44] adapted differentiable self-interpenetration
terms for expressive body capture, often implemented via distance-field-style
losses [2,57] and accelerated intersection detection [24]. This paradigm has been
extended to scene-aware constraints in PROX [18]. For motion generation, recent
work [19] employs efficient sphere-based proxies to incorporate self-intersection
losses during the training of human motion models [16, 56]. Recently, implicit
representations like COAP [36] and VolumetricSMPL [37] have advanced the
state-of-the-art by demonstrating that learned occupancy fields can effectively
reduce self-intersections through gradient-based refinement. While effective in
reducing interpenetration for interaction modeling, these approaches are not
explicitly designed to provide regularity guarantees for post-hoc constrained op-
timization. Relevantly, implicit neural representations have also been explored
for modeling geometric or interaction constraints in the pose space [27]. Our
work instead focuses on learning a collision constraint with properties tailored
to support stable and theoretically grounded pose-space optimization.

General Mesh Collision Resolution. Classical collision-handling techniques, in-
cluding penalty-based energies [5,6,13], interior-point formulations [11,17,21,29],
and geometric frameworks like Repulsive Shells [19], share a fundamental limita-
tion: they operate directly in mesh space by optimizing raw vertex positions. This
makes them neither directly applicable nor computationally practical in pose-
space optimization. Furthermore, these methods often necessitate a collision-free
reference configuration, which is generally unavailable in modern pose-prediction
pipelines [52,53, 56, 64]. While specialized neural architectures have addressed
collisions in specific domains, such as ContourCraft [14] and Self-Supervised
Collision Handling [48] for garments, or Quaffure [51] for hair simulation, these
solutions are tailored to their respective generative priors and do not generalize
to the high-dimensional articulated manifold of human bodies. Ultimately, exist-
ing neural classifiers used for post-hoc resolution [52,53,61] often learn decision
boundaries or proxy penetration depth signals for gradient guidance, but do not
enforce global regularity conditions needed for robust constrained optimization.

Neural Solution of the Eikonal Equation. Solving the Eikonal equation [50,66]
subject to a sign constraint in 3D space corresponds to computing the Signed
Distance Field (SDF) of an arbitrary shape. Thanks to its expressive power,
the neural approximation of SDFs has become central to modern 3D generative
models [30,43,60]. Although the SDF can represent highly complex geometry,
these methods all assume a low-dimensional underlying domain—namely, the
standard 3D Euclidean space. More recently, some research [39] demonstrated
configuration-space distance fields whose gradients guide collision-free planning.

3 Problem: SMPL Self-Collision Resolution

In this section, we define the collision-resolution problem for the SMPL family
of parametric human body models [33,44]. An SMPL mesh is defined by shape
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parameters 3 € R% and pose parameters & € R%. Given (3,80), the SMPL
function produces a mesh:

X =M(B.90),

where the mesh connectivity 7T is predefined and independent of 3 and 8. Due to
imperfect motion capture or errors introduced by neural motion predictors [56],
the generated SMPL meshes may exhibit self-collisions. In many practical sce-
narios, such as motion correction, the body shape remains fixed across frames.
Therefore, we assume the shape parameter 3 is fixed and only optimize the
pose parameter 6. We also ignore the global translation and rotation, since self-
collision is invariant to them. To characterize whether a posed SMPL mesh is
collision-free, we employ an exact mesh self-intersection test. Concretely, given
a pose 0, we first decode it into a mesh X = M(3,0) and then apply a classical
collision detector (e.g., FCL [42]) to obtain a binary collision indicator defined
as:

L(M(B,6)) € {—1,+1},

which equals —1 if the mesh exhibits self-penetration and +1 otherwise. Given
a self-colliding SMPL configuration (3, 8y), our goal is to find a corrected pose
0 such that the decoded mesh:

X :M(ﬁ70)?

is collision-free while remaining visually close to the original configuration. Let
dsmpL (-, ) denote a distance function that measures the discrepancy between
two SMPL poses of a fixed shape. We formulate SMPL self-collision resolution
as the following constrained optimization problem:

0" = argn%in dsmpL(0,00) subject to L(M(,@,H)) = +1. (1)

4 Learning a Differentiable Collision Constraint

As discussed in Sec. 3, the exact collision indicator ¢(-) provides a binary fea-
sibility test. However, ¢(-) is non-differentiable with respect to the pose pa-
rameter 8, making gradient-based constrained optimization intractable. Modern
constrained optimization algorithms, including Sequential Least Squares Pro-
gramming (SLSQP), modified differential multiplier methods, and augmented
Lagrangian approaches, require at least C'! smooth constraint functions in or-
der to compute well-defined gradients. Constraint functions must satisfy certain
constraint qualifications such as LICQ for the iterates to reliably converge to a
KKT point [3]. Since ¢(-) yields only binary feasibility labels and is discontinuous
with zero gradient almost everywhere, these methods cannot be applied.

To enable robust constrained optimization in pose space, we introduce a
surrogate, learnable neural constraint function g(@), whose superlevel set {6 |
g(0) > 0} approximates the set of collision-free SMPL poses under a fixed shape
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Fig. 2: Neural collision handling with PoseShield. PoseShield approximates the
signed distance function (SDF) to the boundary between colliding and collision-free
regions in the latent space. In practice, collision resolution algorithms optimize a self-
penetrating sample toward its nearest point in the collision-free region, where the
learned neural field provides local gradient guidance throughout the optimization pro-
cess.

B. With the surrogate function and given a self-colliding initial pose 8g, the
optimization problem becomes:

0" = arg mein dsmpL(0,600) subject to  g(@) > C. (2)

where C) is a margin threshold. Theoretically, C; = 0 is the optimal choice
assuming a perfectly learned constraint g. In practice, however (as detailed in
Sec. 5.2), we demonstrate that adjusting this threshold facilitates a controllable
trade-off between maintaining geometric fidelity to the input pose and the effec-
tiveness of collision resolution.

Our method is illustrated in Fig. 2. The neural collision-handling process
operates in a latent space and follows a standard constrained optimization for-
mulation, with g serving as a differentiable constraint function. We first analyze,
in Sec. 4.1, the convergence behavior of standard gradient-based constrained
solvers on this formulation under three assumptions on g. We then introduce
in Sec. 4.2 our Eikonal regularization, which is designed to encourage the most
non-trivial of these assumptions. A complete theoretical analysis is in the sup-
plement. Building on these theoretical insights, Sec. 4.3 and Sec. 4.4 detail the
practical training strategies for learning the differentiable collision constraint g.
Finally, in Sec. 4.5, we generalize our framework from static pose optimization
to accommodate continuous, temporally consistent human motion sequences.

4.1 Convergence Analysis

We analyze the convergence behavior of standard gradient-based constrained
solvers on the surrogate problem in (2). Let £2 C [~1,1]% denote a bounded
region of plausible SMPL poses in the 6D rotation representation. For the anal-
ysis, we set the threshold C; = 0 and adopt the squared-Euclidean distance
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dsmpL (0, 00) = ||0 — 00 ||>. We further assume the minimizer is interior to 2 and
non-degenerate, so that g > 0 is the only active constraint.

Classical nonlinear optimization theory [41] establishes strong convergence
guarantees for gradient-based constrained solvers under appropriate regularity
conditions on the constraint function. We state three assumptions on the learned
field g that together suffice for these guarantees in our setting.

Assumption 1 (Smoothness) g is C? on 2 with Lipschitz-continuous gradi-
ent and Hessian.

Assumption 2 (Feasibility consistency) The sign of g correctly identifies
the collision status: g(@) > 0 if and only if @ is a collision-free pose.

Assumption 3 (Approximate Eikonal property) There existsd € [0,1) such
that 1 — 0 < ||[Veg(0)|l2 <146 for all 6 € (2.

The first assumption ensures that gradient-based methods are well-defined.
The second ensures that the learned constraint faithfully represents the collision-
free set. The third makes g behave like an approximate signed distance function
in pose space; in particular, ||[Vg|| > 1 — ¢ > 0 implies that the Linear In-
dependence Constraint Qualification (LICQ) holds globally. Under these three
assumptions, standard gradient-based constrained solvers (e.g., SLSQP) admit
both global and local convergence guarantees:

Theorem 1 (Global Convergence and Complexity). Consider problem (2)
under Assumptions 1, 2, and 3. Then:

(i) Global LICQ: The constraint qualification holds globally on (2.

(ii) Global Convergence: From any starting pose Oy € §2, a standard line-
search SQP method with an ¢ merit function (and sufficiently large penalty
parameter) produces iterates whose every accumulation point is a first-order
KKT point (0%, \*).

(iii) Iteration Complexity: An c-approximate KKT point—satisfying

12(0x—60)— Vg (6r)|| < e, [min(0, g(0r))| <&, A >0, [A\g(8i)| <e,

is no harder to obtain than in unconstrained smooth optimization, whose
worst-case first-order complexity is O(e~2).

Theorem 2 (Local Convergence). Consider problem (2) under Assump-

tions 1, 2, and 3. Let 0* be a local minimizer, and assume the initial pose is

infeasible, i.e., g(0g) < 0. Then:

(i) LICQ and Strict Complementarity: LICQ holds at 8%, and the unique
KKT multiplier satisfies 0 < 13510 — o[l < X* < 250" — 6y

(ii) SOSC and Fast Convergence: Define k = X*||V3g(0*)||2. If k < 2, then
the full Lagrangian Hessian is positive definite (implying Second-Order Suf-
ficient Conditions), and SQP with exact Hessian converges locally to (0™, \*)
at a quadratic rate. A quasi-Newton (BFGS) variant satisfying the Dennis—
Moré condition converges superlinearly.

Proof. The complete proofs are provided in the supplementary material.
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4.2 Eikonal Regularization

Among the three assumptions in Sec. 4.1, smoothness is automatically satisfied
by an MLP with smooth activations (e.g., Softplus), and feasibility consistency
is encouraged by direct sign supervision (Sec. 4.3). The approximate Eikonal
property (Assumption 3), however, requires a dedicated regularizer. The ideal
pointwise target is

IVeg(0)] =1, (3)

which we encourage in expectation over {2 (assuming a uniform probability mea-
sure for analysis) by minimizing the average violation:

Loraa = |IV9(8:)] -1

gra

Lyrat = Eone |[IV9(0)| - 1]].

)

(4)
The following proposition shows that this loss provides a quantitative volume
bound on the regions where Assumption 3 fails:

Proposition 1 (Volume Bound on Approximate Eikonal Failure). Let
Ss denote the region where the approrimate Eikonal condition fails for a given
margin 6 € (0,1):

Sy ={0¢€2]||Veg(0)| — 1| >6}.

If the expected Eikonal loss satisfies Lgraa < €, then the probability measure of
this failure region is bounded by:

PO € Ss5) < =. (5)

STINO)

Proof. The complete proofs are provided in the supplementary material.

Combined with the fact that the approximate Eikonal property implies LICQ
(IIVgl| = 18 > 0), this proposition provides a quantitative link between training
accuracy and the volume of pose-space regions where LICQ is guaranteed to hold,
directly supporting the convergence guarantees in Sec. 4.1.

4.3 Training Objective

To enforce Assumption 2, we impose boundary supervision using the exact col-
lision indicator ¢. Concretely, we encourage:

9(0) L (M(B,0)) >0,

so that ¢g(@) > 0 for collision-free poses and g(0) < 0 otherwise. Together,
Eikonal regularization and sign supervision encourage ¢g(0) to approximate a
SDF-like function to the collision boundary in SMPL pose space. Using Monte
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Carlo sampling, we construct: Dy = {(0;,;)}Y,, where ¢; = 1(M(3,0,)), and
optimize the empirical PINNs-style [45] objective:

Ei = —min (g(ei)bi70),

sign
[ Do |
1 , , (6)
LEikonal = Dyl ; (Liraa + Liign) -

This objective is a direct high-dimensional analogue of standard Eikonal training
used in low-dimensional SDF learning [40,43].

4.4 Temporal-Difference Variant

Inspired by the connection between Lgraq and the Temporal Difference (TD) loss
in offline reinforcement learning, and following Ni et al. [38] who show that a
finite-timestep TD variant improves training, we replace Lgraq With a symmetric
TD loss parameterized by a small timestep At:

T = |g(8: + v At) — g(6; — v At) — 24t (7)

where v; = Vgg(0;)/]|Veg(0;)] is the normalized velocity function. We find that
replacing Lgaq With L1p improves the performance as demonstrated in Tab. 1.

4.5 Collision Resolution for Motion Sequence

Our formulation naturally extends from static pose optimization to human mo-
tion sequences. Specifically, the sampling process in human motion diffusion
models [9,20,28,31,35,47,56,59,62,67] and human motion flow matching mod-
els [55] can be formulated as a differentiable generative mapping: m = f(x),
where x denotes the input noise, and m is the generated human motion se-
quence. To enforce task-specific constraints (e.g., obstacle or self-collision avoid-
ance), DNO [25] proposes a conditional motion synthesis formulated as:

x* = arg min o(f(x)), (8)

where Q is a user-defined criterion measuring constraint satisfaction or motion
plausibility. This formulation is naturally compatible with our constrained op-
timization formulation in Equation 2. Specifically, we first train PoseShield as
usual for static human poses. Suppose we are given a motion sequence with self-

collisions defined as m, = [#°,0},--- 0], and let the optimization variable be
m = [0°,0",--.,07], we define the objective function Q as follows:
T .
Q(m) = Z max (Cl - 9(01)7 O) + A dmotion(mv ms)a (9)
i=0

where the first term penalizes violations of the collision constraint, and the sec-
ond term enforces proximity to the original motion. The coefficient A,, balances
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collision resolution and motion preservation. The distance metric d,,otion 1S de-
tailed in the supplementary material. Note that we avoid the hard constraints
from Equation 2, which are disallowed by DNO, and replace them with soft
constraint functions.

5 Evaluation

In this section, we evaluate the performance of PoseShield and compare it against
baselines. We first discuss collision resolution for static human poses (Section 5.1),
and then ablate key design choices and demonstrate properties of our method
(Section 5.2). Next, we scale the constraint function learned from individual

poses to human motion sequences (Section 5.3).

5.1 Application: Static Human Pose

Humans with Collisions (HwC) Dataset. Despite the availability of various hu-
man pose datasets [10, 22, 34], meshes sampled solely from the collision-free
ground-truth distribution do not expose PoseShield to any self-colliding exam-
ples. To address this, we introduce the Humans with Collisions (HwC)
dataset of nearly 931k SMPL poses, which is detailed in the supplementary. A
subset of 500 representative self-penetrating meshes serves for benchmarking.
This dataset also serves as the sampling pool to approximate 2 in Sec. 4.2. In
addition, we follow previous work [36] and evaluate the methods on a subset of
PROX dataset [18].

Metrics. Following [53], we adopt the following metrics:

— Success Rate (SCC): The rate of the collision resolution method producing
penetration-free meshes.

— Penetration Depth Reduction (PDR): The ratio of reduced penetration depth
(PD) [42] relative to the original penetration depth defined as:

PD after optimization

PDR = 1-—
R = max PD before optimization’

— Mean Vertex Distance (MVD): The average Lo distance of the vertices be-
tween the original and the optimized mesh. (An ideal collision handler re-
solves collisions while keeping the resulting pose as close as possible to the
original sample.)

Baselines. We consider the following baselines: 1) Torch-mesh-isect [57]: An
open-source tool developed specifically for SMPL-based collision resolution. 2)
Classifier-baseline: Inspired by N-Penetrate [53], we replace the collision con-
straint function with the probability of being a non-colliding mesh predicted by
a classifier using the cross-entropy loss. More details are deferred to the sup-
plementary. 3) COAP [36]: a volumetric occupancy-field approach that treats
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Table 1: Quantitative results and ablation study on the pose datasets. Our method
achieves significant improvement in collision resolution ability over all baselines. 1:
higher values are better; |: lower values are better. Bold and underlined values indicate
the best and second-best performers in each category, respectively. Lgraa and Lrp
represent the gradient loss terms; WD denotes the weighted distance metric in pose
space (see Sec. 5.2).

Method Lornd Lrn WD HwC | PROX [1%]
|SCCt PDRT MVD||SCCt PDRt MVD|
Torch-mesh-isect [57] 0.100 0.357 0.041 [0.110 0.291 0.012
Classifier baseline 0.056 0.081 0.002|0.170 0.204 0.006
COAP [36] 0.446 0.832 0.106 | 0.560 0.775 0.016
VolumetricSMPL [37] 0.250 0.541 0.068 | 0.333 0.699 0.013
Ours v v ‘0.958 0.982 0.059 | 0.800 0.893 0.021
Ours (w/o WD) v 0.960 0.987 0.067 |{0.850 0.918 0.036
Ours (Lgraa) v v 10.862 0.917 0.062 |0.520 0.615 0.019
Owrs (Laraa+Lrp) v v« |0.870 0.922 0.062 |0.670 0.743 0.022
Ours (w/o grad term) v 10.068 0.081 0.458 |0.050 0.106 0.431

collision resolution as a sampling-based occupancy penalty in the 3D workspace
rather than a direct pose-space constraint. 4) VolumetricSMPL [37]: a follow-
up volumetric body representation that extends COAP by modeling the human
body as a signed distance field (SDF) instead of an occupancy field.

Implementation Details. For optimization, we use the standard SLSQP method
implemented in SciPy [58]. The network is a 12-layer MLP with a hidden dimen-
sion of 512. We train it for 200 epochs, where we adopt active learning [53] to
collect boundary samples every 40 epochs. The entire training process requires
around 17 hours on a single GPU. For the loss term, the default At in Equation 7
is 0.01. Inference takes 7.26 seconds per pose on average.

Quantitative Results. As shown in Tab. 1, our method substantially outper-
forms all baselines in both success rate and penetration depth reduction. The
classifier baseline, which also performs latent-space optimization, achieves a very
low success rate, highlighting that our proposed neural field is a crucial compo-
nent for effective collision handling within such frameworks. Similarly, Torch-
mesh-isect [57] applies triangle-level penetration losses in pose optimization,
but its local face-level loss formulation [44] prevents it from resolving deep self-
penetrations, often causing it to converge to local minima and fail to move the
mesh sufficiently. Among the baselines, COAP [36] attains the highest SCC and
PDR, but its performance degrades in challenging cases with severe penetra-
tions. Most notably, our method increases the success rate on the HwC dataset
from 0.446 to 0.958 while achieving a significantly lower MVD, which is also re-
flected in Fig. 5. This indicates that our formulation resolves self-collisions with
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Fig. 3: Qualitative comparison with baseline methods on three cases (left to right).
Within each case, results are shown from left to right: Original input, Ours, COAP [36],
and Torch-mesh-isect [57]. Our method consistently removes self-collisions. Insets high-
light representative local self-collision regions. Torch-mesh-isect fails to resolve the col-
lisions in all three cases, while COAP almost resolves the first case but still leaves
minor residual intersections.

smaller pose deviations, empirically approximating minimal-distance corrections
to collision-free configurations.

Qualitative Results. Fig. 3 presents qualitative comparisons with baseline collision-
handling methods. Across the three examples, our method consistently removes
the highlighted self-intersections, producing visually collision-free configurations
in the inset regions. In contrast, Torch-mesh-isect fails to resolve the collisions in
all three cases, which is consistent with its low success rate reported in Tab. 1.
COAP is able to reduce penetrations in some cases and can nearly eliminate
the collision in relatively simple scenarios (e.g., the first case), although small
residual intersections often remain. This behavior is also reflected in Tab. 1,
where COAP achieves relatively high PDR but still falls short of fully resolving
collisions in some cases. In more complex cases involving multiple body contacts
(e.g., the second and third cases), COAP is unable to remove the intersections.
Overall, our method achieves more reliable collision resolution while preserving
the overall pose structure of the input.

5.2 Ablation Study

Choices of dsmpr (0, 0/). We ablate the choice of the pose distance metric. We
compare the standard Lo distance:

J
1
dsta(0,6") 32 — |, (10)
against a weighted Ly distance:
1 J
dwp(0,0") = ——— > w;|0; — 6]|l2, (11)
j=1Wj j=1

where 6; € RS denotes the 6D parameters of the j-th joint, and w; represents
the weight assigned based on the size of the subtree rooted at joint j within
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Fig. 4: Our method resolves the collision in the original samples while preserving the
overall motion structure. The red ones are original samples, and the green ones are
optimized ones.

the kinematic hierarchy. We refer to the former as “Ours w/o WD” (Weighted
Distance). As shown in Tab. 1, while “Ours w/o WD” achieves slightly higher
collision resolution rates, it suffers from a higher Mean Vertex Distance (MVD).
In contrast, our full model with WD significantly reduces MVD from 0.067 to
0.059. This reduction is achieved by penalizing rotations of proximal joints more
heavily, as their perturbations propagate through the kinematic hierarchy and
cause large-scale displacements of downstream subtrees.

Lrp is sufficient. As shown in Tab. 1, using L7 p alone yields the best overall
performance across all metrics. We conjecture that incorporating Lg,.qq intro-
duces second-order derivatives during optimization, which increases training in-
stability and hinders convergence. In contrast, L1 p effectively enforces the local
geometric consistency. The variant that omits both loss terms fails to approxi-
mate a solution to the Eikonal equation, leading to poor performance.

Tradeoff between SCC and MVD. As shown in Fig. 5b, increasing the constraint
margin C; in Equation 2 leads to higher SCC while also increasing MVD. This
reflects the inherent trade-off between collision resolution and geometric fidelity,
as also observed in [53]. Importantly, our method provides a controllable mecha-
nism to navigate this trade-off simply by tuning Cj. As illustrated in Fig. 5b, our
approach consistently achieves higher SCC at the same or lower level of MVD
compared with baseline methods, indicating a more favorable trade-off between
collision removal and motion preservation.

Correlation between g and penetration depth. Our method can learn the degree
of collision, even though the dataset provides only binary collision labels. While
this latent function is not directly visualizable, Fig. 5a shows that its values are
correlated with the total penetration depth on the training set.
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Fig. 5: Analysis of the neural collision constraint. (a) Our neural field g(0) shows
a strong correlation with physical penetration depth (PD). We sample 500 instances
for visualization. (b) The threshold C; provides a controllable trade-off between col-
lision resolution success (SCC) and geometric fidelity (MVD). The points correspond
to C; € {-0.2,-0.1,-0.05,0,0.05,0.1,0.2,0.4,0.6}, ordered left to right. Performance
from baseline methods is also included for reference.

5.3 Application: Human Motion Sequence

We obtain the trained g from Sec. 5.1 and show that g can be robustly gener-
alized to human motion sequences. We utilize a pre-trained motion model [55]
as the generative prior f and select motion sequences with self-penetration from
a motion dataset [1]. Examples are presented in Fig. 4. Our method effectively
resolves collisions while preserving the overall motion and avoiding noticeable
artifacts. More quantitative results are provided in the supplementary material.

6 Conclusion

We presented PoseShield, a neural collision constraint defined directly in SMPL
pose space for post-hoc self-collision resolution. By establishing a connection
between collision handling and the Eikonal equation, we provide theoretical
grounding for neural constraint learning. In particular, we showed that Eikonal-
regularized constraint functions satisfy the LICQ, ensuring the feasibility and nu-
merical stability of constrained optimization in the pose space. The same learned
constraint further serves as a generator-agnostic post-hoc corrector for human
motion sequences, requiring no retraining of the underlying motion model. Ex-
periments validate that PoseShield significantly improves collision resolution suc-
cess rates compared to prior state-of-the-art approaches.
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